Abstract-Detecting and sorting spikes in extracellular neural recordings are common procedures in assessing the activity of individual neurons. In chronic recordings, passive electrode movements introduce changes in the shape of detected spike waveforms, and may thus lead to problems with identification and tracking of spikes recorded at separate instances in time, which is an important step in long-term monitoring of individual neurons. Information about electrode movements after implantation is crucial to the evaluation of mechanical stability of different electrode designs. In this paper, we present a preliminary study of the relationship between electrode movements and the resulting movements of spike-features in feature space. We show that there is a characteristic relationship between the two movements and that this relationship can be modeled as a linear transformation between two coordinate systems. Finally, we show how the relationship can be used for estimating electrode positions based on measured spike waveforms without any prior knowledge about the type of neuron by introducing a learning procedure during electrode insertion.
I. INTRODUCTION
Extracellular recordings with chronically implanted microelectrodes are a common means of acquiring signals reflecting the activity of individual neurons in the central nervous system [1] . The recorded signal then consists of the spiking activity of near-by neurons (target neurons), the combined spiking activity of a large number of far-away neurons (noise neurons), thermal noise generated in the frontend electronics and local field potentials [2] , [3] .
When the target neurons are sufficiently close to the recording electrode, their spikes can be detected [4] and sorted [5] in order to reveal the firing patterns of individual neurons. Assuming that the detection has been successful, the sorting step involves extracting features from the spike waveforms and classifying similar waveforms as originating from the same neuron. Feature extraction is commonly carried out by projecting the spike waveforms onto a set of basis waveforms that can be obtained through e.g. principal component analysis (PCA) of the acquired spike waveforms. relies on these differences, they can become problematic in dynamic situations, i.e. where the recording electrode can move in relation to the target neuron(s). This becomes especially challenging when comparing identified units in recordings from a specific electrode that are executed at separate time instances. While small electrode movements can slightly change the feature space representation of detected spikes from a given neuron, larger movements can put that neuron out of range from the electrode and new neurons into range. Solving this problem is commonly referred to as spike-tracking [8] , [9] and involves comparing units between separate recording instances and concluding that they either originate in the same neuron or in different neurons.
Gaining insight into how electrode movements are translated into spike movements in feature space would be of great benefit both in terms of solving the spike-tracking problem and in terms of being able to estimate electrode movements based on observed spike waveforms. In this paper, we present a preliminary study of the relationship between physical movements of the recording electrode and the corresponding movements of spike-features in feature space. Using mathematical models to simulate multielectrode recordings, we demonstrate how electrode movements along a given path are translated into spikefeature movements along a similar path in feature space. Exploring this insight, we present a method for using recorded spike waveforms to estimate the electrode position, based on the relationship between the two domains. Our results show that there is a characteristic relationship between electrode movements in the physical domain and spikefeature movements in the feature domain. This relationship is evident even when employing sub-optimal feature spaces. Our results also show that recorded spike waveforms provide information about the recording electrode position if a training procedure is carried out during implantation of the electrode.
II. METHODS

A. Dataset
As test data, we used synthetic multi-electrode recordings where the electrode sites were placed along the paths of electrode movements we wished to test in each case. We used a recently developed simulation tool that employs dimensionality reduction techniques to compactly describe the spatial dependency of the measured spike waveform. This allows for an efficient simulation of multielectrode recordings with realistic properties [10] 
surrounding a compartment model of a CA1 pyramidal neuron using the simulation environment NEURON [6] , [11] , [12] .
Fig . 1 shows the target neuron and the electrode locations considered for each of the three test recordings. The electrode paths we considered were 1) linear movement, 2) movement along an ellipse and 3) movement along a P-shaped path. Fig.  1 (d) shows how electrode movement was mimicked by extracting spikes in a time frame of duration T that was swept across the channels. This corresponds to the assumption that the electrode stays in place for the duration of the window, T. The linear movement was assumed to represent the practical case where electrodes are inserted and then assumed to move along one axis. The elliptic and P-shaped paths were included to show that complex electrode movements were translated to similar movements of spikes in the feature space.
Twenty electrode sites were simulated in each case and the duration of each recording was 5 minutes. One neuron was placed in the origin and approximately 600 noise neurons were placed at random positions, but at a minimum distance of 150µm from the target neuron. Each noise neuron was given a random mean firing rate between 1 and 50 spikes/second. A mean firing rate of 20 spikes/second was assigned to the target neuron. Spike times were generated by assuming gamma-distributed inter-spike intervals [13] . All spike times were stored at the time of simulation and used to extract spike waveforms.
B. Feature-Space Representation of Spike Waveforms
The -dimensional feature-space representation of sampled spike waveforms of length ( = number of samples) was obtained by projecting the spike waveforms onto a set of ( = number of feature space dimensions) sample long basis waveforms. To explore the effects of the selection of basis waveforms, we considered three sets of basis waveforms, where the -th set of basis waveforms was contained in the columns of the matrix . The columns of the matrix were obtained as the first basis waveforms from the principal component analysis of each of the following matrices:
1) The matrix containing the mean spike waveforms in each electrode position in its columns (optimal basis).
2) A matrix of the same size as that in 1), but whose elements were normally distributed random numbers (sub-optimal basis).
3) The matrix containing the three very first waveforms in the first electrode position.
The feature space representation of the spike waveforms in the matrix in the space spanned by the basis waveforms in was thus obtained through the projection and normalization
where || || denotes the Euclidean norm.
C. Comparison of Movement Paths between Spaces
To explore the similarity between electrode paths in the physical space and detected spikes in the feature space we defined the path measure that summarizes the path in a given -dimensional space ( ) in a 1-dimensional sequence of normalized Euclidean distances of points along the path to the mean point of the path. For a path whose -th coordinate in the original -dimensional space is given by and whose mean coordinate is given by , the distance measure in the -th point is given by The mean positioning error generally converged to a minimum value for both the optimal basis (obtained through PCA of the entire set of mean waveforms in training positions) and the random basis (obtained through PCA of a random matrix). However, the random basis generally converged at a higher number of dimesion. The inset shows the true (red) and estimated (blue) positions when using the 40-dimensional optimal basis. For the sake of clarity, the position of each channel is indicated by a specific symbol.
The -th point corresponds to electrode site out of 20. For the feature spaces, we only considered the first three dimensions in this comparison. All distance measure sequences were normalized by first subtracting their respective mean values and then dividing by the Euclidean norm of the resulting sequence.
Although interpreting these one-dimensional path measures in terms of actual paths in a three-dimensional space is not straight forward, especially for more complex paths, they do provide a means for assessing the geometrical similarity between two paths in separate domains.
D. Spike-Feature Based Estimation of Electrode Position
Based on the observation that electrode movements along a given path are translated to spike waveform movements along a similar path in the feature space, we assumed that there existed a matrix that transformed the 3-dimensional vector of Cartesian electrode coordinates to corresponding -dimensional spike waveform coordinates in the feature space. This transformation is described by the linear model (3) where and are the basis-and spike waveform matrices respectively, is the matrix containing the Cartesian coordinates of the electrode positions and is a matrix containing noise or variations not captured by the transformation matrix.
For a known matrix of Cartesian measurement point coordinates , a corresponding matrix of measured mean spike waveforms and a set of basis waveforms , an estimator for the transformation matrix is obtained by multiplying both sides of Eq. 3 by the Moore-Penrose psesudoinverse [14] of the Cartesian coordinate matrix, , so that , from the right, or
Having obtained the estimate for the transformation matrix, it can now be used to estimate the electrode position for a given set of measured mean spike waveforms by multiplying Eq. 3 with the Moore-Penrose pseudoinverse of the estimated transformation matrix from the left, or
To perform and evaluate feature space based electrode positioning, we divided the test data for the linear electrode movement (Sec. II-A) into two parts -odd-numbered channels (training data) and even-numbered channels (test data). The mean spike waveforms and Cartesian electrode coordinates of the odd-numbered channels, and respectively, were used for estimating the transformation matrix according to Eq. 4. This corresponds to a training period during which the position of the electrode is known. The resulting transformation matrix was then used to estimate the electrode positions of the even number channels by projecting the corresponding mean waveforms onto the basis that was used to estimate the transformation matrix according to Eq. 5.
To examine the sensitivity of positioning to the choice of basis waveforms and the number of basis waveforms (number of feature space dimensions), we performed the above procedure using the optimal basis and the random basis (Sec. II-B) while successively increasing the number of dimensions and calculating the estimation error. The estimation error for each case was taken as the mean distance between true and estimated positions across all sites for that case. Fig. 2 shows the path measure that characterizes the electrode movements and the movements of the spikefeatures of mean waveforms in the feature spaces spanned by the three different bases described in Sec. II-B. In all feature spaces, the path measure was similar to that of the electrode path, indicating that electrode movements gave rise to similar spike movements in feature space. This was evident even for the random basis.
III. RESULTS
A. Comparison of Movement Paths
Increasing the length of the time spent in each position (T in Fig. 1 (d) ), and thus increasing the number of spike waveforms used for forming the mean waveform in each position, increased the similarity between the path measures. As expected, the random basis required the largest number of waveforms to reach the high similarity shown in Fig. 2 . The figure shows the case where the maximum amount of time is spent in each channel (T = 15 seconds). Fig. 3 shows the mean estimation error (in µm) as a function of the number of feature space dimensions used in the electrode position estimation for the optimal basis and one realization of a random basis. The inset illustrates the true and estimated positions obtained using the 40-dimensional optimal basis.
B. Spike-Feature Based Estimation of Electrode Position
The estimation error converged at approximately 8 dimensions when using the optimal basis. For the random basis, this limit was dependent on the realization, sometimes being lower than 8 and sometimes higher. In the case show in Fig. 3 the error converged at approximately 22 dimensions to approximately the same error as that obtained by using the optimal basis. For the case studied, the error converged onto a value of approximately 1µm.
IV. CONCLUSION
In this paper we have presented preliminary findings regarding the relationship between physical movements of a recording electrode in extracellular neural recordings and the corresponding movement of spike-features in a feature space spanned by various basis waveforms. We have shown that there appears to be a characteristic relationship between the movements in these two domains and that this relationship can be interpreted as a linear transformation between two coordinate systems, not necessarily of equal dimensions. We have shown that, for linear electrode movements, this transformation can be acquired during a training period and then applied to estimate electrode position based on the feature space representation of spike waveforms. Due to the introduction of a training procedure during electrode insertion, no prior information about the type of neuron is required. In our study, placing the electrode in the oddnumbered locations corresponds to the training period.
Future work involves verification of our findings by in vivo experiments, the full implementation of a practical framework for acquiring the coordinate transformation during electrode implantation and the utilization of the acquired transformation for post-implantation assessment of electrode movements. Future work also involves the utilization of this type of modeling for the purpose of tracking identified units between recording sessions.
Although the present study only addresses electrode positioning along a linear path, our results indicate that the estimation procedure is directly applicable during threedimensional electrode movements. However, this has not been confirmed and thus requires further investigation.
